The few available population-based longitudinal studies examining the link between change in neighborhood condition and weight change to date have only examined neighborhood changes generated by residential mobility. Applying a difference-in-difference analytic framework to data from the Dallas Heart Study (DHS), a multi-ethnic, population-based cohort in Dallas County, TX, we evaluated the relationship between changes in neighborhood condition and weight change for both movers and non-movers over an approximate seven-year follow-up period. We employed a novel measure of neighborhood condition based on property appraisal data to capture temporally consistent measures of change in neighborhood condition regardless of residential mobility. We observed an inverse relationship between weight change and change in neighborhood condition which was more pronounced for non-movers (1.9 fewer kilograms gained per 1-standard deviation improvement in neighborhood condition) than for movers (1.5 fewer kilograms gained per 1-standard deviation improvement in neighborhood condition).
Introduction
Excess adiposity has been robustly associated with numerous deleterious health outcomes including increased risk of incident cardiovascular disease, certain types of cancer, and all-cause mortality (Berrington de Gonzalez et al., 2010; Cohen et al., 2014; Mozaffarian et al., 2015; ki Angelantonio et al., 2016; Lavie et al., 2009) . Additionally, adverse neighborhood environment conditions, specifically as measured by neighborhood-level socioeconomic status or neighborhood physical environment, have been associated with prevalent obesity and weight gain, contributing to increased cardiometabolic risk over time (Black and Macinko, 2010; Corsi et al., 2012; Laraia et al., 2012; Lovasi et al., 2009; Mujahid et al., 2005; PowellWiley et al., 2014) . However, population-based longitudinal studies examining the link between changes in neighborhood condition and weight change are rare, with prior work limited to evaluating changes in particular aspects of the physical environment (Hirsch et al., 2014) or these neighborhood changes' impact on specific populations (Michael et al., 2013) . Furthermore, existing longitudinal studies have several shortcomings including lack of objectively measured weight change (Berry et al., 2010; Inagami et al., 2007) , small sample sizes or limited numbers of participants with measurable change in neighborhood environments (Berrington de Gonzalez A, Hartge et al., 2010; Ewing et al., 2006) and lack of a population-based sample (Lee et al., 2009) .
The question of how to best measure changes in neighborhood condition, or changes in the quality of the physical neighborhood environment, is a challenge. Prior studies have often relied on Census data and have, unfortunately, been limited by Census geographies and the time periods over which Census data is reported. Additionally, studies have depended on commercially available data characterizing the physical environment, where data utilization may be constrained by cost (Hirsch et al., 2014; Michael et al., 2013) . To address these shortcomings of previous neighborhood condition measures, we have utilized a novel measure of neighborhood condition derived from residential housing appraisal data which is publicly available at little or no cost . The appraisal-based measure of neighborhood condition allowed for more consistent temporal and geographic correspondence of neighborhood change and weight change.
Neighborhood change and weight gain for movers and nonmovers
Another important question to consider is whether weight gain is differentially affected by moving to a new neighborhood or remaining in the same neighborhood which evolves over time. Change in neighborhood conditions can be experienced for non-movers by longitudinal differences in an existing neighborhood over time or, for movers, by differences between neighborhoods. It is unknown whether differences in neighborhood conditions experienced by these two mechanisms are associated with similar effects on resident weight change. Existing studies have examined the relationship between neighborhoods and weight change by examining residents who moved to new neighborhoods (Ludwig et al., 2011; Powell-Wiley et al., 2015) . However, it is unknown how neighborhoods affect residents who remained in the neighborhood as the neighborhood condition changed. This relationship, in particular, is challenging to measure because of the relatively long follow-up period needed to measure neighborhood change with Census-derived measures due to the time-averaging of American Community Survey data (Citro and Kalton, 2007) .
Using longitudinal data from the Dallas Heart Study (DHS), a multi-ethnic, population-based cohort in Dallas County, TX, we evaluated the relationship between relative changes in neighborhood condition between 2000 and 2009 and weight change for study participants-including both movers and non-movers. In particular, we examined differences in the relationship between relative change in neighborhood condition and weight change for both movers and nonmovers. Examining heterogeneity in the effects of neighborhood for different types of people has implications for both place-based interventions targeting the built environment and individual-level interventions targeting chronic disease prevention.
The primary aim of our study is to examine the relationship between changes in a novel, appraisal-based measure of neighborhood condition and weight gain. While a causal mechanism for why neighborhood condition change is related to weight change has not been robustly established, leading theories suggest that associations between neighborhood walkability (Frank et al., 2007) and neighborhood crime (Foster and Giles-Corti, 2008 ) and physical activity levels alongside personal preferences for these neighborhood characteristics are important. The appraisal-based measure of neighborhood provides a relative composite measure of neighborhood walkability, crime and other neighborhood features weighted by the degree to which residents prefer these neighborhood features. We expect that these neighborhood features impact the behavior of movers and non-movers similarly, but no evidence currently exists to test this hypothesis. The present study will test two hypotheses. First, based upon previous findings (Black and Macinko, 2010; Corsi et al., 2012) , we hypothesize that improved neighborhoods will be associated with less weight gain. Second, we expect that the effects will be similar for both movers and non-movers.
Methods

Sample
The DHS enrolled a probability-based population sample of Dallas County, TX residents, aged 18-65 at study entry. Original data collection including detailed surveys, anthropometric measures, and laboratory testing, was conducted at baseline in 2000-2002, with follow-up data collected in 2007-2009 . Data collection details have been previously reported (Victor et al., 2004) . The DHS protocol was approved by the University of Texas Southwestern Medical Center's IRB, and written informed consent was obtained from participants at study entry and follow-up. A protocol to analyze DHS neighborhood data (13-H-N041) was approved by NHLBI's IRB.
In total, 2,485 participants participated in both initial and followup DHS data collection. Of these participants, those who moved out of Dallas County (n=461); those who lived in areas without reliable house appraisal values (n=147); those that had missing/inadequate address data (n=1); those that had missing neighborhood perception data (n=435); those who reported race/ethnicity other than black, white, or Hispanic (n=33); those that had missing height or weight data (n=11); participants who had a cancer history (n=114), bariatric surgery history (n=22), and who were pregnant at baseline or follow-up (n=8) were excluded. The final analysis sample consisted of 1,253 participants.
Measures
2.2.1. Participant's individual characteristics Demographic medical history data including age, gender, race/ ethnicity, income, education, address, and smoking status was measured via self-report at study entry and follow-up. Participants were characterized as "movers" or "non-movers" based upon a comparison of the two reported residential addresses; change in address was considered as moving. Physical activity measured at baseline and follow-up was determined from self-reported leisure-time physical activity to which a validated conversion scale for activity intensity was applied to compute metabolic equivalents (METs)-minutes per week (Diez Roux et al., 2007; LaMonte et al., 2001; Mathieu et al., 2012) . Height and weight were measured at both time points to calculate body mass index (BMI) in kilograms per meter-squared.
Neighborhood perceptions and housing condition
At both baseline and follow-up, participants also responded to 18 survey questions regarding perceptions of their neighborhood environment; questions were abstracted from the 1994 Project on Human Development in Chicago Neighborhoods (Sampson et al., 1997) . Three separate measures of neighborhood perceptions were derived from these questions: physical environment (Cronbach's α-coefficient=0.82), neighborhood violence (Cronbach's αcoefficient=0.84), and social cohesion (Cronbach's α-coefficient=0.76). In all cases, a higher score was indicative of more unfavorable perceptions about one's neighborhood.
Objectively measured neighborhood housing condition data was obtained from the Dallas Central Appraisal District for 2000 and 2009 and matched to baseline and follow-up survey data, respectively. The appraisal district annually rates each residential property's overall condition according to an eight-point scale ranging from unsound (1) to excellent (8). The conditions of all properties within a half-mile radius of each DHS participant's home were averaged to create a measure of average neighborhood housing condition.
Appraisal based measure of neighborhood
Residential property appraisal data was used to derive a measure of neighborhood condition that is based upon the average local homebuyer's evaluation of the quality of the built and social neighborhood environment. Our measure of neighborhood condition is based upon hedonic price theory applied to residential housing markets 29-32]. Hedonic price theory explains how a home's price can be decomposed into individual prices for each of the varied characteristics of the home (e.g., number of bedrooms, existence of central air, type of foundation, school district, etc), including neighborhood condition (Rosen, 1974; Lancaster, 1966) . We used this theory to develop our measure of neighborhood condition. Full details and analysis of the validity of this measure are reported elsewhere .
The neighborhood condition measure was constructed using appraisal and property characteristic data for all single family residence properties in Dallas County, TX. Data were obtained from the Dallas Central Appraisal District's 2000 and 2009 certified property appraisal data files (Dallas Central Appraisal District, 2015). First, the data were used to estimate a hedonic regression model to control for non-neighborhood characteristics of the housing bundle. The dependent variable was the natural log of the property appraisal value. Independent variables included the following housing characteristics: indicator variables for school district and city jurisdiction in which the property is located, house age and age squared, condition of the house structure as assessed by the appraisal district using an eight-point scale ranging from unsound to excellent, square feet of living area, number of stories, type of foundation (e.g. slab, pier and beam, post, or block), type of fence (e.g. stone, wood, iron, brick, chain, none), presence of central air conditioning, number of fireplaces, number of bathrooms and presence of a swimming pool. Neighborhood condition was calculated as the difference between the actual appraisal value and the value predicted from the estimated hedonic regression equation for each single family residence. Values of neighborhood condition for each single family residence were then standardized so that a value of 1 corresponded to neighborhood condition that was one-standard deviation above the county-mean neighborhood condition. All values for neighborhood condition within a half-mile buffer around each DHS participant's home address were then averaged to obtain the standardized neighborhood condition measure. Thus, the measure of neighborhood indicated in relative terms how desirable a neighborhood was compared to the average neighborhood in Dallas County. Neighborhood features that constituted a desirable neighborhood were those elements of a neighborhood that homebuyers on average preferred (and thus were willing to pay more for) when purchasing a new home.
Analysis
Multilevel linear regression models with block group random effects were estimated to examine the relationship between change in standardized neighborhood condition and weight change using a difference-in-difference strategy (Craig et al., 2012) .
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Each participant's (i) weight (y it ) was observed at 2 time points (t)-baseline (t=1) and follow-up (t=2). X is a vector of individual characteristics (age, age squared, gender, race/ethnicity, smoking, income, education, physical activity, mover status, and Heckman correction factor (described below)). Models included several key covaraites necessary for implementing the difference-in-difference model. FOLLOW-UP was an indicator variable for observations from follow-up. Neighborhood Change was the change in standardized neighborhood condition from 2000 (corresponding to baseline) to 2009 (corresponding to follow-up) and is our measure of treatment. Participants whose neighborhood did not change (in relative terms) between 2000 and 2009 will have a value of 0 for Neighborhood Change and may be considered the control group. A value of 1 for Neighborhood Change indicates a neighborhood which improved it's relative position in the distribution of Dallas County neighborhoods by 1 standard deviation. The estimated coefficient associated with interaction of Neighborhood Change and FOLLOW-UP (δ) measures the change in weight expected from a 1 standard deviation change in relative neighborhood condition from baseline to follow-up.
The difference-in-difference strategy allowed us to compare weight change over time among DHS participants who experienced a change in neighborhood condition (the "treated" group) to weight change over time among DHS participants whose neighborhood condition did not change (the "control" group). Under the assumption that weight change would have been the same in treatment and control groups had there been no neighborhood change, estimates of δ identify the weight change associated with change in neighborhood condition. Models were estimated for the entire sample and stratified by mover/nonmover status.
Heckman correction factor
Analysis of the effects of neighborhoods on individual outcomes has distinct challenges when analyzing mobile and non-mobile populations. For the case of mobile populations (e.g., movers), one must contend with the element of choice. To the extent that individuals may have chosen the neighborhood to which they relocated, the choice of neighborhood is confounded with the change in neighborhood condition. For the case of non-mobile populations, confounding occurs in a different sense: non-mobile neighborhood residents could have, to varying degrees, affected their neighborhood's condition through individual or community efforts (Galster, 1987) . In both cases, the challenge is one of self-selection: to varying degrees, neighborhood residents may have "self-selected" into the type of neighborhood change they received. In the analysis described below, we have relied on the Heckman Correction Factor (HCF) to account for self-selection into neighborhoods that improved or worsened. The HCF has been shown to provide reliable causal estimates in the presence of selfselection (Heckman, 1979) . The HCF explicitly modeled the likelihood of self-selection into an improved neighborhood in a first stage probit regression. The dependent variable was an indicator for observations in which Neighborhood Change was greater than 0 and covariates included age, sex, race, education, household income, physical activity, total years in Dallas County neighborhood at baseline, home ownership, employment status, marital status, and number of children. The predicted probability was then included as an additional control in the second stage regression analysis. Additional robustness checks were conducted modeling the HCF as selection into varying degrees of improved or worsening neighborhoods.
Propensity scoring
Propensity scoring was used to account for non-random assignment of mover/non-mover status (d'd'Agostino, 1998) . A propensity score for moving was generated from a probit model, adjusting for age, gender, race/ethnicity, education, income, exercise, tenure in neighborhood, home ownership status, marital status, employment, number of kids, and change in BMI. A mover was matched to a non-mover via a greedy algorithm, in which the algorithm made "best" matches first and "next-best" matches next, in a hierarchical sequence until no more matches could be made (Austin, 2011) . Best matches were those with the highest digit match on propensity score using Euclidean distances. A bound of ± 0.05 for the propensity score was reported, but additional robustness checks were conducted varying the matching criteria of the distance from 0.005 to 0.200 in increments of 0.005.
Results
Summary statistics for the full analysis sample at both baseline and follow-up are reported in Table 1 . 42% of participants were male; 53% were non-Hispanic black and 17% were Hispanic. Over the approximate 7-year follow-up period, mean weight of the DHS cohort increased by 2.8 kg. Based upon BMI, participants were primarily overweight (33%) or obese (42%) at baseline. By follow-up the proportion obese had risen to 52%. Weight gain in this study appears to be occurring among the overweight/obese population rather than among under weight individuals. Approximately a quarter of the sample were self-reported current smokers; over 50% had some college education; and income was fairly evenly distributed among the various categories with 69% earning less than $50,000 per year. Smoking status, education, income, neighborhood house condition, and perceptions of neighborhood violence and social cohesion remained relatively constant across sample periods. On average, participants reported worse perceptions of the physical neighborhood environment at baseline than at follow up.
There were several statistically significant differences in the mean characteristics of the mover and non-mover sub-groups (Table 2) . On average, non-movers were older, more likely to be white males, less physically active (only at baseline), less likely to smoke, had more education and higher incomes than movers. Also, non-movers reported more favorable perceptions of their present neighborhood than movers at both baseline and follow-up. However, the average neighborhood house condition in non-mover neighborhoods was worse at baseline, but better at follow-up. Further, on average, mover's neighborhoods worsened over the 7-year study window, while non-mover's neighborhoods remained the same.
Neighborhood change and weight change, full sample
First, we estimated difference-in-difference models to assess the relationship between a 1-unit change in standardized neighborhood condition and weight change (Table 3) . Model 1 was the base specification and controlled for individual socio-demographic characteristics, mover status, and the Heckman Correction factor to account for self-selection into neighborhoods. Model estimates indicated no statistically significant relationship between change in neighborhood condition and weight gain. Models 2 and 3 incrementally included additional controls for the condition of neighborhood housing structures and neighborhood perceptions, respectively.
When the condition of neighborhood housing structures was accounted for, the relationship between change in neighborhood condition and weight change became statistically significant. A 1 standard deviation improvement in neighborhood condition was related to 0.7 fewer kilograms gained. Thus, for example, if a neighborhood that was in the bottom of the distribution of neighborhoods (specifically, 1 standard deviation below the mean) improved and became an average neighborhood, then the model estimated that residents could expect to gain 0.7 fewer kilograms. This relationship remained (p=0.06) when neighborhood perceptions were incorporated into the model.
Regarding socio-demographic characteristics, older individuals, males, African Americans, and those who are less physically active had higher weight. Likewise, current smokers weighed less. The estimated association between weight and age was non-linear: older age was associated with higher weight up to age 52, after which the relationship reversed. The Heckman correction factor was also statistically significant across all three models, emphasizing the importance of accounting for neighborhood selection; individuals more likely to select into improved neighborhoods had less weight gain than those who did not.
Stratified analysis: movers and non-movers
A Chow test (Chow, 1960) of equality between regression parameters across mover and non-mover subgroups resulted in rejection of the null hypothesis of equality (p=0.021), indicating a need for stratified analysis. Stratified analysis for both the full, stratified sample and the propensity-matched samples are presented in Table 4 . Estimation results for the full, stratified sample are presented first; they indicate that neighborhood change was related to weight change only among non-movers. For the propensity-matched samples, however, the relationship between neighborhood change and weight change was significant across both sub-groups. Point estimates indicate that a 1 standard deviation improvement in neighborhood condition was associated with 1.5 and 1.9 fewer kilograms gained for movers and non-movers, respectively. These two effect size estimates were statistically distinguishable (p < 0.0001).
Sensitivity analysis
Additional robustness checks were conducted to test the sensitivity of results to (1) specification of the HCF and (2) specification of the propensity-scoring model. Results were insensitive to variations in both specifications (data not shown).
Discussion
We have demonstrated that an improvement in neighborhood condition is associated with less weight gain over time, even after controlling for self-selection into neighborhoods and mover/nonmover status. This relationship between weight change and change in neighborhood condition was more pronounced for non-movers (1.9 fewer kilograms gained per 1-standard deviation improvement in neighborhood condition) than for movers (1.5 fewer kilograms gained per 1-standard deviation improvement in neighborhood condition). Non-movers may be more strongly impacted by their neighborhood due to longer residence in the neighborhood. Non-movers may spend a larger proportion of their time close to the neighborhood, while movers may utilize some services, institutions or businesses closer to their previous neighborhood. Although causality cannot be proven, our findings support the hypothesis that improvements in neighborhood condition can reduce weight gain over time, particularly for long-term neighborhood residents. While a 1.9-kilogram reduction in weight at the individual-level is of unclear clinical relevance, population-level reductions in weight gain of this magnitude can have important implications on the cardiometabolic health of society (Rose, 1992) . This study is the first to empirically examine the longitudinal relationship between weight change and our measure of neighborhood condition utilizing residuals from a hedonic price regression. This appraisal-based measure of neighborhood condition has allowed us to overcome several notable limitations associated with the use of Censusderived measures of neighborhood condition. First, we have been able to define neighborhood condition based on a buffer around the participant's home rather than using Census geography; thus, mitigating edge effects (Cromley and McLafferty, 2011) s, the measure of neighborhood condition was temporally consistent with the measurement of weight since appraisal data were available annually. While US Census data available from the American Community Survey provides 3-and 5-year estimates of various indicators of neighborhood SES, these data are derived from samples taken over multiple years. Thus they fall short of providing a temporally matched measure of neighborhood quality and are likely to under estimate changes over relatively short time periods due the averaging of data from multiple years. Third, the measure we derived from appraisal data were based upon robust work by economists and had a well-established theoretically consistent basis (Bajari et al., 2012; Brookshire et al., 1982; Can, 1992; Rosen, 1974) .
This study is also the first to compare the longitudinal relationship between change in neighborhood and weight change among a mover and non-mover population. Although this question has not been answered directly, these results are consistent with previous work in the field. Prior work has estimated associations between neighborhood condition and BMI among a mixed (mover/non-mover sample) (Hirsch et al., 2014) . Other literature has reported that among movers in the DHS, participants who moved to a neighborhood of lower deprivation (defined using Census measures) experienced less weight gain (PowellWiley et al., 2015) . Neighborhood deprivation among non-movers in DHS was also correlated with weight gain (Powell-Wiley et al., 2014) . Additionally, the Moving-To-Opportunity Study, which randomized individuals to areas of varying neighborhood socio-economic status, provided suggestive evidence that moving from a high poverty census tract to a low poverty census tract was associated with a lower likelihood of morbid obesity but noted that the mechanism driving this association was unknown (Ludwig et al., 2011) . As we have seen in our prior work, perceptions of neighborhood environment as a measure of psychosocial stress does not appear to explain the relationship between change in neighborhood condition and weight change (PowellWiley et al., 2015; Powell-Wiley et al., 2013) .
Other authors have also examined the relationship between health outcomes and housing appraisal data (Coffee et al., 2013; Drewnowski et al., 2014; Rehm et al., 2012; Vernez Moudon et al., 2011) . Our results are substantively similar: poorer health outcomes are more likely in neighborhoods with generally lower appraisal values. However, our application of hedonic theory to derive a theoreticallygrounded measure from neighborhood appraisals and our application of the measure to longitudinal data provide the most robust result to date to demonstrate poorer health outcomes are more likely in neighborhoods with generally lower appraisal values. Previous work has found that neighborhood appraisal values are correlated with selfreported perceptions characterizing obesogenic environments and attenuated the relationship between perceptions of the neighborhood environment and BMI in cross-sectional analysis (Drewnowski et al., 2014) . However, it was not clear if this relationship was due to variations in neighborhood condition reflected in appraisal data, or some other confounder. Our use of a hedonic regression to extract a measure of neighborhood condition from appraisal data helps to rule out many potential confounders that may have been driving the previously estimated relationships. Further, our results illustrate that in longitudinal analysis, neighborhood condition impacts health independent of housing conditions-a finding not evident in previous applications of appraisal data.
While statistically significant correlations between neighborhood socioeconomic level and weight change have been previously reported in longitudinal studies, the causal mechanism between neighborhoods and residents' weight change remains largely unknown (Ludwig et al., 2011; Powell-Wiley et al., 2015) . Studies have suggested mechanisms such as varying degrees of neighborhood safety (Burdette et al., 2006) , neighborhood walkability (Frank et al., 2007; Casagrande et al., 2011) , commuting times that differ with distance to employment centers (Hoehner et al., 2012 (Hoehner et al., , 2011 , peer effects (Christakis and Fowler, 2007; Cohen-Cole and Fletcher, 2008) , and various other elements of the built environment (Burdette and Hill, 2008; Papas et al., 2007) . Our measure of neighborhood condition has the potential to provide additional insight into the mechanisms through which neighborhoods affect residents' weight gain. Neighborhood change was not significantly related to weight change until neighborhood housing condition was added as a control. Controlling for neighborhood housing condition caused the estimated association between neighborhood change and weight gain to increase (in absolute value). This suggests that change in neighborhood condition, independent of the quality and condition of housing structures, is important in the causal pathway linking neighborhoods and weight gain. Additionally, only those elements of neighborhood SES that affect potential home buyer's`o ffer'' price when bidding on a new home contribute to our measure of neighborhood condition. Thus, aspects of SES used to proxy neighborhood condition in Census-derived measures such as median neighborhood income or average education levels are likely not included in our measure of neighborhood condition because they are generally not known to potential homebuyers; while features of the built environment such as presence of parks, (Leonard et al., 2013) neighborhood aesthetics and physical disorder, (Seo and von Rabenau, 2010) and in some cases racial composition (Harris, 1999) are potentially included in our measure of neighborhood condition.
Additionally, our measure of neighborhood condition varies over very small geographic scales and on an annual basis. For example, in Dallas County, TX (the location of the present study), the presence of a foreclosed property and the associated neighborhood blight is measured by our measure of neighborhood condition, but only for homes which lie within 250 feet of the foreclosed property, and only for up to 12 months following a foreclosure auction (Leonard and Murdoch, 2009; Zhang and Leonard, 2014; Zhang et al., 2016) . Any aspect of neighborhood condition that affects home prices will produce variations in our measure of neighborhood condition.
Limitations of the present study include reliance on a populationbased sample from a single geographic area. The external validity of these results to other metropolitan areas is unknown. Additionally, this study utilized a validated, but self-reported measure of physical activity and lacked information on dietary intake. It is possible that confounders exist that were not included in the hedonic regression used to derive our measure of neighborhood condition. Further discussion of the limitations of our neighborhood condition measure may be found in the literature . Also, our study does not have information on when participants moved between base-line and followup; this may downward bias the relationship between neighborhoods and weight gain for non-movers. Finally, although for many lowincome populations, the choice set for residential location and the decision to move is extremely limited due to inability to pay for most options (Oakley, 2008; Oakley and Burchfield, 2009; Schill and Wachter, 1995; Wang and Varady, 2005) , DHS participants were free to self-select into neighborhoods and into mover/non-mover status. Effects of potential self-selection, despite our inclusion of the HCF and propensity scoring strategy, is a potential limitation to the causal interpretation of our results.
Nevertheless, our results have important implications for future research. Appraisal data is available at little cost for most large metro areas. Additional studies similar to this one in diverse urban areas will help inform the external validity of our results. Also, future work combining appraisal data and other observational measures of neighborhood across multiple cities is needed to better understand the aspects of neighborhood being measured by appraisal data. We need more information on how appraisal data from different cities measure similar/different aspects of neighborhoods before the methods presented here can be applied to studies spanning a larger geographic area. Study results also highlight the importance of studying the effects of neighborhood change separately for mover and non-mover populations. Careful attention to self-selection associated with moving is needed, but these studies serve to inform how housing policy might impact health. In particular, current housing policy impacts the neighborhoods experienced by low-income families either through moving families from bad neighborhoods to good ones (e.g., Section 8 housing vouchers (Housing and Urban Development HUD, 2015) ) or through improving neighborhoods for non-movers (e.g., the Neighborhood Stabilization Program (Leonard et al., 2017) ). Information regarding the heterogeneous impact of these policies is important for optimal implementation with regards to health. 
